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There is no doubt that the world is currently experiencing a global pandemic that is
reshaping our daily lives as well as the way business activities are being conducted.
With the emphasis on social distancing as an effective means of curbing the rapid
spread of the infection, many individuals, institutions, and industries have had to
rely on telecommunications as a means of ensuring service continuity in order to
prevent complete shutdown of their operations. This has put enormous pressure
on both fixed and mobile networks. Though fifth generation mobile networks (5G)
is at its infancy in terms of deployment, it possesses a broad category of
services including enhanced mobile broadband (eMBB), ultra-reliable low-latency
communications (URLLC), and massive machine-type communications (mMTC), that
can help in tackling pandemic-related challenges. Therefore, in this paper, we identify the
challenges facing existing networks due to the surge in traffic demand as a result of the
COVID-19 pandemic and emphasize the role of 5G empowered by artificial intelligence
in tackling these problems. In addition, we also provide a brief insight on the use of
artificial intelligence driven 5G networks in predicting future pandemic outbreaks, and
the development a pandemic-resilient society in case of future outbreaks.
Keywords: COVID-19, coronavirus, pandemic, 5G networks, self-organizing networks, artificial intelligence,
machine learning
1. INTRODUCTION
Since the COVID-19 outbreak became a pandemic, there has been drastic and dramatic changes
in our daily lives and the way we conduct business activities. Literally every sector of the economy
(e.g., health, education, manufacturing, transportation, etc.) has been affected by the pandemic.
Many companies have shut down as workers were advised to work from home, schools are
closed and resorted to online learning while conferences were postponed or moved online1. Even
appointments with doctors were canceled, postponed or conducted remotely in order to reduce
contact with patients and curtail the spread of the infection (Singh et al., 2020; Ting et al., 2020). All
these sectors now depend mainly on both wired and wireless communication networks to ensure
continued operation.
1More information can be found online at: https://www.ilo.org/global/topics/coronavirus/sectoral/lang-en/index.htm
(accessed May 28, 2020).
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As a result, there is a great increase in the use of online
learning platforms, such as Zoom,Microsoft Teams, Canvas, etc.,
as well as an increase in the use of social media platforms, such
as Facebook, Twitter, WhatsApp, etc., for social interactions. In
addition, there is also a surge in the use of multimedia platforms,
such as online gaming, Netflix, YouTube, etc., in order to keep
people entertained during the lockdown period in effect in many
countries (Elavarasan and Pugazhendhi, 2020; Ting et al., 2020).
These factors have led a surge in traffic demand on existing
networks because the movement restriction policy put in place
in different countries to reduce the spread of the infection has
forced many workers and students to stay at home, thereby
shifting normal activities in schools, hospital, and industries to
online platforms. In addition, there is also a sudden shift in the
traffic demand pattern from city centers to residential areas due
to the stay-at-home policy. This is very challenging for existing
networks as they have not been designed to accommodate this
magnitude of traffic demand as well as the sudden shift in traffic
demand pattern that they are currently experiencing.
Furthermore, with the shift in traffic demand to residential
areas, little or no traffic demand is being placed on base
stations (BSs) in city centers, resulting in energy wastage. In
addition, the movement restrictions has led to a reduction in
the number of maintenance workers who access BS cell sites to
restore them to normal functionality in case of cell outages or
service failure. Hence, network operators have had to grapple
with increased capacity demands both on the radio access
network (RAN) as well as the backhaul network in residential
areas, how to promptly restore faulty sites to normal operations
in order to prevent prolonged service failure due to cell outages,
and also how to prevent energy wastage due to under-utilization
of BSs in city centers, among other challenges. It is worth
noting that due to existing wireless networking technologies, the
impact of the pandemic have been greatly reduced, therefore,
the development and deployment of more advanced wireless
communication technologies, such as fifth generation mobile
networks (5G) and beyond 5G (B5G), would be more effective
in alleviating the negative effects of the pandemic on the
various sectors.
5G networks is currently being deployed in some countries,
and—compared to existing wireless networks—it would provide
higher data rates, higher capacity to accommodatemassive device
connectivity, lower latency, higher reliability, high mobility
support as well as enhanced energy efficiency (Agiwal et al.,
2016; Chih-Lin et al., 2016). All these can be provided through
three broad categories of services offered by 5G networks,
namely: enhanced mobile broadband (eMBB), ultra-reliable low-
latency communications (URLLC), and massive machine-type
communications (mMTC) (Andrews et al., 2014). In addition,
self-organizing networks (SON) and artificial intelligence (AI)
have been implemented in 5G networks to enable the network
to function in an intelligent and autonomous manner (Aliu et al.,
2013; Imran et al., 2014; Klaine et al., 2017). Even though AI has
only been partially included in 5G, beyond 5G (B5G) networks
will experience the full implementation of AI (Letaief et al., 2019;
Shafin et al., 2019). AI in 5G networks will enable intelligent and
autonomous operations which is of immense importance in the
current and future pandemic situations due to the drastic changes
in network service demands and operational procedures resulting
from movement restrictions and remote working policies put
in place by government and various organizations to curtail the
spread of COVID-19.
AI will enable proactive and dynamic resource allocation
that will enable the network assign resources to locations that
need them on a real time demand basis unlike the static
resource allocation approach that is currently implemented in
existing networks (Lee and Qin, 2019). This will help solve
the problem of sudden shift in traffic demands from city
centers to residential areas occasioned by the pandemic that
is putting pressure on the RAN and backhaul of the network.
In addition, AI will also help in traffic prediction and cell
outage detection and enable the network to automatically
reconfigure itself by switching off underutilized base stations
or activate self-healing functionalities of SON (Klaine et al.,
2017). This is necessary during this pandemic because of the
drastic reduction in the available manpower required to attend
to network challenges. Furthermore, AI will enable proactive
handover optimization (Mollel et al., 2019; Mollel et al., 2020)
that is needed to handle emergence health challenges during
the pandemic where patients in critical conditions have to
be attended to remotely via video/voice communications with
medics in the hospital while in the ambulance en route hospital to
prevent intermittent service disruption or failure resulting from
switching connection from one base station to another.
Therefore, in this paper, we highlight the role of AI-driven 5G
network in handling the challenges facing existing networks due
to COVID-19 pandemics. We are focusing on networking related
challenges which can be addressed by using AI in 5G. It should
however be noted that since only a few AI-based solutions can
be implemented in 5G, some of the AI solutions highlighted in
this work would be implemented in B5G networks. Moreover,
we wish to state that since a lot of review papers have been
written on the application of AI and machine learning (ML)
techniques in 5G and B5G networks (Mwanje et al., 2016; Li
et al., 2017; Fu et al., 2018; Letaief et al., 2019; Shafin et al.,
2019; Yao et al., 2019; Wang et al., 2020c; Zhang et al., 2020),
as well as an in-depth analysis on the use of ML algorithms in
both 5G and B5G networks (Fadlullah et al., 2017; Klaine et al.,
2017; Chen et al., 2019; Morocho-Cayamcela et al., 2019; Sun
et al., 2019; Wang et al., 2019, 2020; Xiong et al., 2019), we do
not intent to repeat what they have already done in this work.
Our goal is to identify some specific networking challenges that
existing networks are facing due to COVID-19 pandemic and
to highlight some AI/ML-driven solutions that can help 5G and
B5G networks handle such problems.
1.1. Contributions
To the best of our knowledge, there are three major review
papers (Ahmadi et al., 2020; Chamola et al., 2020; Saeed
et al., 2020) that are closely related to our work. In Ahmadi
et al. (2020), the authors first highlighted the role of mobile
connectivity in assisting the healthcare, education and retail
sectors during this pandemic after which a very brief discussion
of some key 5G technologies including URLLC, mMTC, cloud,
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etc., that will be beneficial to various sectors was presented.
In Chamola et al. (2020), the authors initially presented a review
of COVID-19 outbreak including previous pandemics, various
stages of the pandemic outbreak, diagnostic testing, as well as
treatments and preventive measures. Then, a brief discussion
on the impact of the pandemic on different sectors of the
economy with relevant statistics was presented. In addition,
a review of some technologies needed to reduce the impact
of the pandemic including IoT, drones, robots, wearables,
5G, etc., was presented. The authors in Saeed et al. (2020)
considered the role of wireless communications in fighting the
pandemic by specifically considering healthcare, education, and
the economy, and explored possible ways of extending network
connectivity to unconnected areas via drones, balloons, and
satellite. They also considered three challenges resulting from the
use of wireless communication to combat COVID-19 pandemic
which are privacy, security, and misinformation, as well as
the role of wireless communications in ensuring the survival
of the economy. In addition, some wireless network enabled
technologies that found relevance during the pandemic and will
remain useful afterwards were presented. Various review papers
have been written on the application of AI in 5G, and B5G
networks (Mwanje et al., 2016; Li et al., 2017; Fu et al., 2018;
Letaief et al., 2019; Shafin et al., 2019; Yao et al., 2019; Wang et al.,
2020c; Zhang et al., 2020) as well as in-depth analysis on the use of
various ML algorithms in 5G and B5G network (Fadlullah et al.,
2017; Klaine et al., 2017; Chen et al., 2019; Morocho-Cayamcela
et al., 2019; Sun et al., 2019; Wang et al., 2019, 2020; Xiong et al.,
2019).
However, in this work we adopt a methodological approach
in discussing the role of AI-driven 5G networks in handling
pandemic related challenges in different sectors as well as the
challenges facing existing networks due to their increased use
during the pandemic. We specifically focus on how the use of
AI in 5G networks can handle the challenges facing existing
networks due to the pandemic, strictly from a networking
perspective. We also discuss the role of AI-driven 5G as an
enabler for other technologies, such as IoT, Robots, autonomous
vehicles, drones, etc., that are needed to combat the effects of the
pandemic in various sectors. The contributions of our paper are
as follows:
• We provide a comprehensive review of five key sectors that
have been affected by the COVID-19 pandemic as well as the
overall impact of the pandemic on the economy. Different
from Chamola et al. (2020), that focused only on the economic
impact of the pandemic in these sectors, we also considered the
social and psychological effects of the pandemic.
• We highlight the major issues facing existing networks due
to the sudden increase in traffic demand placed on them as
users migrate from normal to remote operations via online
platforms. Very little is mentioned about the impact on
existing networks in Ahmadi et al. (2020), Chamola et al.
(2020), and Saeed et al. (2020).
• We specifically focus on the role of AI driven 5G networks in
reducing the negative effects of the pandemic in the key sectors
identified and how it acts as an enabler for other technologies
needed to combat pandemic related challenges.
• In addition, the role of AI-driven 5G in tackling the challenges
facing existing networks was comprehensively discussed.
Again, very little has been written about how AI-driven 5G
can tackle the challenges facing existing networks in the
aforementioned existing works.
• Finally, we provide a brief insight into how AI-driven 5G can
act as an enabler in the prediction of future pandemics as well
as its role in developing a pandemic-resilient society to proof
the society against sudden disruptions due to pandemics. The
lessons learnt from the pandemic that should be considered in
the design of future networks are also briefly highlighted.
1.2. Organization
The remainder of this paper is organized as follows: section 2
identifies some key sectors that have been affected by the
pandemic. Section 3 discusses the challenges facing existing
networks in dealing with increased traffic demand from various
sectors due user migration to online platforms as a result of
by movement restrictions. Section 4 highlights the role of 5G
alongside its technology enablers, such as SON and AI in
addressing the problems facing different economic sectors due
to the COVID-19 pandemic as well as in tackling the challenges
facing existing networks. Section 5 briefly describes how 5G
alongside other enabling technologies can be used to predict
future pandemics and assist in developing a society that is
resilient to pandemics. In addition, we briefly discuss how the
lessons learnt from the pandemic will influence the design of
future networks. Lastly, section 6 concludes the paper.
2. THE IMPACT OF THE COVID-19
PANDEMIC ON DIFFERENT SECTORS
The outbreak of COVID-19 and its subsequent declaration as
a pandemic by the World Health Organization (WHO) has
tremendously altered our life and society. The effects of its
devastation is being felt all around the world. While it has
affected almost all aspects of our lives and the economy, in
Figure 1, we highlight a few key sectors where the impact has
been particularly pronounced.
2.1. Healthcare
The COVID-19 pandemic has severely impacted the healthcare
sector. The magnitude of the outbreak has overwhelmed
healthcare facilities, leading to a shortage of trained critical
care professionals, insufficient bed spaces, severe shortage of
testing kits, ventilators, personal protective equipment (PPE),
etc. (Emanuel et al., 2020). A direct and immediate consequence
of this is the high number of fatalities recorded daily, both
directly as a result of the virus and indirectly due to other
ailments, as medical care for non-COVID-19 patients have
all but stopped in some countries, in some cases leading to
indefinite postponement of scheduled health consultations for
other ailments (Radi et al., 2020). The diversion of hospital and
care facilities toward COVID-19 treatment has led to a chronic
shortage in care for other ailments, leading to the so-called
“excess deaths” (Leon et al., 2020) which captures the number
of fatalities directly due to COVID-19 and indirectly due to
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FIGURE 1 | The figure highlights the impact of COVID-19 pandemic on the main sectors of the economy including healthcare, agriculture, travel and tourism,
manufacturing and distribution, and agriculture.
inaccessibility to care that would otherwise have been available
to patients but for the virus. There will likely be more maternal
and child mortality arising from reduced healthcare coverage for
non-COVID-19 ailments than from the disease itself in low- and
middle-income countries (Fore, 2020).
To date (7th June 2020), there have been over 390 thousand
deaths globally, with over a 110 thousand in the United States
alone. The unprecedented surge in patient numbers have
overwhelmed hospital facilities, leading to patients being treated
in hospital hallways and makeshift bed spaces in many countries.
Some European countries had to airlift patients to Germany to
receive treatment2 while doctors from Cuba went to Italy to
augment the staff shortage.
In addition, there has been a surge in mental health problems
due to the pandemic (Rajkumar, 2020). For healthcare workers,
this comes due to increased working hours, inadequate sleep and
anxieties over contracting the virus from patients (Xiang et al.,
2020). For the general public, several factors are at play, such as
loss of employment or means of livelihood, confinement at home,
anxiety over getting infected with the virus, etc. This leads to poor
sleeping and feeding habits, weight gain, depressive behaviors
and anxiety, as well as domestic violence and substance abuse.
The social care sector has also experienced severe difficulties
in this period, with high fatalities and increased risk of the
disease for elderly residents (Onder et al., 2020) in care homes.
Shortage of PPEs and trained staff also implies that care homes
2News article available online at: https://news.sky.com/story/coronavirus-how-
germany-is-helping-other-european-nations-transport-covid-19-patients-
11970745 (accessed May 15, 2020).
are poorly equipped to deal with a pandemic of this nature.
In all this, health and social care staff have been overworked
and stressed, with some of them sadly losing their lives in
the line of duty, leading to anxieties over their resilience,
mental well-being, and the long-term implications for the
health sector. Mobile communication and applications (Sait
et al., 2019; Chowdhury et al., 2020), video-conferencing, and
other information technology (IT) tools are helping to provide
care outside hospitals during the pandemic (Chamola et al.,
2020). Other systems rely on communication technologies for
tracing and tracking, remote patient monitoring, COVID-19
diagnosis and telehealth services (Ding et al., 2020). We explore
how 5G and other technologies can help stop COVID-19 in
section 4.
2.2. Education
The COVID-19 pandemic has led to closure of schools in 153
countries around the world as at May 2020, affecting about
1.2 billion learners3. This has caused significant disruption
in academic assessment and progression for many pupils and
students. It has also left millions of international students
stranded in foreign countries, where the lack of social contact
with classmates, mounting anxiety over getting infected, closure
of universities and halls of residence, as well as isolation from
families is taking a mental health toll on them (Sahu, 2020).
According to the United Nations Educational, Scientific and
Cultural Organization (UNESCO), the closure of schools has
3Available online at: https://en.unesco.org/covid19/educationresponse (accessed
May 13, 2020).
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many negative consequences for learners and exacerbates the
inequality in education between the rich and the poor. The
pandemic has disrupted opportunities for growth and learning,
especially for disadvantaged learners, which has been proven to
lead to loss of cognitive skills (Carlsson et al., 2015), a primary
aim of education. For students in final years, the pandemic has
impacted their final assessments and employability as they will be
graduating at a time of major global economic recession.
The impact on children’s education include high levels
of post-traumatic stress compared to adults, poor dietary
habits, reduced physical activity, poor sleeping habits, poor
cardiorespiratory fitness (Wang et al., 2020b), as well as
poorer nutrition for disadvantaged children that rely on
school meals for healthy diets. In addition, children from
poorer backgrounds suffer disproportionately as many of
them do not have computers and other electronic gadgets
required for online learning, and their parents are more
unprepared for the task of continuing their education without
teachers compared to their peers from wealthier and more
educated homes. These effects altogether lead to spikes in
risky behaviors, unhealthy peer influences and substance abuse.
For parents and families, childcare responsibilities and home
tutoring has forced many to stop working, which impacts the
family income and further reduces the healthcare workforce.
Many parents are also ill-equipped and prepared for teaching
their children at home when schools are closed. There will be
significant differences in children’s learning according to the
availability of parents and their skills and education (Burgess and
Sievertsen, 2020).
The overall consequences of the closure of schools include
financial loss for families forced to stop working due to
childcare responsibilities, spike in risky behaviors, unhealthy
peer influences and substance abuse for children and young
adults, increased pressure on the healthcare system due to staff
shortage4, social isolation and loneliness for learners of all age,
depression, anxiety, chronic stress, and insomnia (Banerjee and
Rai, 2020), spike in violence, sexual exploitation, child labor, and
higher risk of dropping out due to loss of financial capability for
many parents and guardians.
2.3. Travel, Tourism, and Aviation
This is one of the most adversely affected sectors of the economy.
Travel restrictions have now been implemented in 100% of global
destinations5, leading to a reduction in the workforce in most
economic sectors (Nicola et al., 2020). The travel bans have
directly or indirectly led to loss of several billions of dollars
from airlines and affiliated industries (Iacus et al., 2020). Global
passenger volume has dropped almost to zero as flights were
canceled to contain the spread of the virus. Passenger airlines
have been the most impacted in the aviation industry, leading
4Some healthcare staff who have parenting responsibilities rely on schools to look
after their children while they are working. With schools closed, such staff are
forced to stay at home and look after their children, thereby increasing the pressure
on their colleagues who must work extra hours to cover for the absentee staff
members.
5Available online at: https://www.unwto.org/news/covid-19-travel-restrictions
(accessed May 24, 2020).
to several airlines furloughing or laying off some of their staff.
Many airlines have also collapsed or gone into administration
as nations around the world shut their borders and impose
travel bans. Similarly, airports have been reeling under economic
losses, estimated at $76.6 billion in 2020 (Gössling et al., 2020).
The International Civil Aviation Organization estimates that
there will be up to 60% drop in the number of seats offered
by airlines, over 80% reduction in passenger traffic and more
than $400 billion loss in operating revenue for airlines (Canada,
2020), depending on how much longer the pandemic lasts, the
containment measures put in place by governments and the
impact of the pandemic on other economic conditions.
While cargo airlines continue to airlift vital supplies, such as
PPE from manufacturing hubs like China to different countries
around the world, there has also been about 25% drop in air cargo
capacity compared to the same period for 2019 (Canada, 2020).
With planes parked at airports, there has been a significant drop
in the demand for spare parts and new aircraft, withmany airlines
deferring the delivery of new aircraft and many others canceling
previous orders. The International Air Transport Association
estimates that the airline industry requires at least $200 billion
in bailout funding to restart after the crisis6.
In the same vein, the tourism industry is forecast to lose
about $450 billion, which is almost a third of the entire revenue
generated by the industry in 2019, with up to 50 million
jobs at risk globally (Nicola et al., 2020). The World Tourism
Organization has noted that the tourism industry is one of the
hardest hit by the current pandemic, and estimates up to 30%
drop in international tourism receipts in 2020 (Gössling et al.,
2020). This comes at the backdrop of cancellations of all non-
essential travel and tours as governments shut down tourist
destinations and place travel bans and visa restrictions in many
countries. Despite the global tourism industry having weathered
major shocks, such as the 9/11 terrorist attack in the US7, SARS,
MERS, etc., there are indications that the impact of COVID-19
is unprecedented (Gössling et al., 2020) and that the economic
damage is huge. In Scotland for instance, up to 99% of tourism
businesses have reported that they experienced cancellations and
decline in bookings. Hotel bookings have plummeted due to
the restrictions in travel and cancellations of major scheduled
global events.
2.4. Manufacturing and Distribution
The manufacturing industry has also been hard-hit by the
COVID-19 pandemic as factories were shut down across the
globe to protect staff who cannot work remotely and to curtail
the spread of the virus. Worse still, the countries that are
hardest-hit by the virus account for the highest percentage
of global manufacturing (Baldwin and Tomiura, 2020). Due
to the nature of manufacturing jobs, it is often difficult to
implement social distancing rules, hence, manufacturing workers
are highly vulnerable to the spread of the virus. Manufacturers
6Available online at: https://www.iata.org/en/pressroom/pr/2020-03-24-01/
(accessed May 24, 2020).
7The terrorist attack at the World Trade Center in the US on September 11, 2001
caused serious damage to the American economy and led to a drastic reduction in
air travel in the US.
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of automobile, aircraft, chemical and electronics have been most
impacted by the disruption in the global supply chain. For
instance, China manufactures 90% of global computers and
70% of mobile phones, and practically all electronics products
require components made in China8, nearly causing a halt in
the production of these items in other countries even before
COVID-19 was declared a pandemic due to global spread. About
60% of global active pharmaceutical ingredients is also produced
in China (Ozili and Arun, 2020), leading to acute shortage of
essential medicines all over the world when China went into
lockdown due to COVID-19. This has consequently forced many
companies to postpone the launch date for their products and
also led to a rise in the cost of the components due to scarcity.
In addition, due to the interconnectedness of global
manufacturing and the so-called global value chains where
manufactured goods are shipped around key regions of the globe
several times before reaching the final consumers, thousands of
factories were forced to shut down even in countries that do
not yet have COVID-19 due to disruptions in global supply
chain. For instance, many car plants in Europe were shut down
due to lack of spare parts as early as February when the virus
was raging in China (Baldwin and Tomiura, 2020). The same
trend was noticed in South Korea and the US. As the pandemic
spread in Europe and the US, it caused even further dislocation
in the global supply chain network. According to the European
Association of Automobile Manufacturers, the United Kingdom
and other countries in the European Union (EU) have suffered
a loss of nearly two and a half million vehicles, with an average
downtime of about 1 month as at the beginning of May 20209.
However, manufacturers of medical products has seen growth
despite the pandemic, which is unsurprising as they must rise
to meet shortage of medical equipment and increased demand
from hospitals around the world. Some companies have quickly
retooled to respond to the shortage of life-saving products, such
as hand sanitizers, ventilators and PPE. This has enabled several
companies to keep the lights on and their employees to retain
their jobs. Despite stimulus funds from many governments, the
extended lockdown of plants, declining demand and loss in
production and revenues will force some manufacturers to shut
their doors permanently.
2.5. Agriculture and Food Production
The pandemic has disrupted food supply chains and kept
farmers who should be producing food locked down at home.
Also, reduced demand from hotels and the hospitality industry
has led to spoilage of foods that cannot be preserved and
loss of income to farmers (Nicola et al., 2020). In addition,
poor network facilities in rural areas where most farmers are
based (Chiaraviglio et al., 2017) make it difficult or impossible for
them to implement remote farming. This situation is exacerbated
in poor and developing countries where food production is
8Available online at: https://www.forbes.com/sites/ibm/2020/04/29/adapt-to-
survive-covid-19-is-forcing-resilience-in-the-electronics-industry/ (accessed
May 30, 2020).
9Available online at: https://www.acea.be/news/article/interactive-map-
production-impact-of-covid-19-on-the-european-auto-industry (accessed
May 13, 2020).
still highly a manual operation and where preservation facilities
are still in infancy. For many countries in sub-saharan Africa,
the pandemic broke out just at the beginning of farming
season following the cycle of annual rainfall, thereby making
it impossible for farmers to plant at the right time, which
might potentially lead to a famine in the coming year when
the harvests are due. Due to the lockdown measures in place
in many countries, the global food supply chain has been
disrupted, cutting farmers off from essential farm supplies, such
as chemicals, feed, and other farm inputs. It has also cut people
off from vital supplies of essential food components, such as
vitamins and proteins in countries that rely on importation
of these items to supplement local supply. There are also
fears that countries might adopt protectionist policies post-
pandemic, choosing to strengthen self-sufficiency and discourage
international agricultural engagement (Kerr, 2020), which might
affect sufficiency and variety of food supply in dependent nations
as well as upset the income of farmers.
2.6. Overall Impact on the Economy
As at 7th June 2020, there have been more than 6.7 million
confirmed cases of COVID-19 and more than 390 thousand
deaths in 216 countries, areas or territories10. This is a trying
time for the global economy which continues to reel from the
multi-sectoral impact of the virus. The healthcare bill has risen
sharply as countries struggle to equip hospitals to cope with
the pandemic. In addition, there has been a general decline
in economic activities due to reduced earning capacity, and
the restrictions on movement and social life, leading to a
fall in demand for goods and services. The global economy
is predicted to shrink by up to 3% due to the coronavirus
pandemic (Fernandes, 2020). This is the result of shrinkages in
sectors, such as hospitality, travel and aviation; manufacturing,
supply chain and distribution; transportation and energy;
consumer electronics as well as financial markets, some of which
have already been highlighted above. Due to disruptions in
manufacturing and supply chain, global trade has continued to
decline and the World Trade Organization estimates up to 32%
decline (Fernandes, 2020). The drop in global travel and aviation
as well as fall in manufacturing has had a knock-on effect on the
oil and gas industry, causing oil prices to plummet and leading
several companies to reach for force majeure provisions in their
contracts as conditions have rendered contractual performance
impossible. For instance, Nigeria and Angola, the two largest
producers of crude oil in Africa rely almost entirely on crude
oil exports to finance their economy. Other large producers like
Saudi Arabia have cut their national budget for 2020 and raised
VAT due to the coronavirus.
Already, Germany which is Europe’s largest economy has
gone into recession (Michelsen et al., 2020) after its economy
contracted by 2.2% in the first quarter of 2020. This follows
France, Italy and other European countries that slid into
recession earlier as the pandemic took toll and sub-zero growth
was recorded for many economies around the world. The above
outcomes have resulted in soaring unemployment as businesses
10Available online at: https://covid19.who.int/ (accessed June 7, 2020).
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FIGURE 2 | The figure summarizes some of the networking related challenges facing existing networks due to COVID-19 pandemic.
shut down or collapse and organizations struggle to remain afloat.
It is estimated that job losses could be up to 30% in the US alone
by the second quarter of 2020 (Jackson et al., 2020), while one
in six workers in the UK could become unemployed due to the
COVID-19 pandemic11. Nearly 40 million people have become
unemployed in the US alone as at 14th May 2020. In Europe,
over 30 million people are also relying on government support
for salaries and wages in the UK, Germany, Spain, France and
Italy (Jackson et al., 2020). Employment support currently costs
the UK government £14 billion per month.
The COVID-19 pandemic is threatening to reverse the
economic progress made in the last decade to pull millions
of people in developing economies out of poverty and
reduce economic disparity. The United Nations Conference on
Trade and Investment (UNCTAD) predicts that foreign direct
investment could drop by as much as 15%, which has dire
consequences for developing economies (Barua, 2020). African
countries are particularly hit due to their limited financial
resources and poorly equipped health systems where many
households have to spend out of pocket for healthcare products.
The impact of the pandemic on some African economies has
been predicted to last for several years to come. In Asia, about
11News article available online at: https://www.mirror.co.uk/news/uk-news/one-
six-brits-could-lose-21849752 (accessed May 27, 2020).
29 million people are at the risk of falling into poverty due to the
effects of the coronavirus. The economic damage of the pandemic
will depend on how much governments and organizations are
able to support businesses and economies to restart after the
pandemic, and the level of adherence to public health guidance
to curtail the virus. Containing similar pandemics in the future
will require a holistic approach where all countries work together
to strengthen health facilities in every country of the world as
no country can be safe until every country is safe due to global
interconnectedness (McKibbin and Fernando, 2020).
The place of wireless communications in general and 5G in
particular in addressing the challenges posed by the new realities
are being investigated by researchers (Ahmadi et al., 2020). In
section 4, we provide insights into how the unique capabilities
that 5G offer can be taken advantage of to contain the current
pandemic and future-proof our society against future pandemics.
3. IMPACT OF COVID-19 ON EXISTING
NETWORKS
In this section, we briefly describe the challenges facing existing
mobile networks because of their increased utilization by various
sectors due to the disruptions to normal operations and shift
to online platforms during the COVID-19 pandemic. Figure 2
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summarizes the impact of COVID-19 pandemic on the existing
mobile networks.
3.1. Capacity Limitations
The change in traffic demand because of sudden increased
dependence of several sectors on both mobile and fixed networks
as well as the abrupt shift in traffic demand from city centers
to residential areas have taken service providers unawares.
Networks in residential areas were not optimized to handle surges
in traffic demand as heavy traffic demand have not been placed on
them over time because most activities demanding huge network
resources are mainly carried out at work places which are mainly
located in city centers. However, with the shift to remote working,
there is an unprecedented increase in the traffic demands, thereby
putting much pressure on the limited capacity of the RANs in
residential areas.
This issue might not be prevalent in developed countries as
most areas have fixed broadband internet services, however, in
developing countries, there would be a surge in traffic demand
on the RAN, which might result in network congestion, low
data rates, increased latency and poor connections, thereby
making it difficult to carry out remote operations. Therefore,
capacity optimization techniques (Zhang, 2019; Barakabitze
et al., 2020) that will enable dynamic resource adaptation to
changing traffic demands as well as other capacity-enhancing
technologies (Yaacoub et al., 2016) need to be developed and
optimized to improve the quality of service in these areas.
3.2. Backhaul Limitations
With the shift in traffic demand from city centers to residential
areas, there would be a surge in traffic generation in residential
areas due to increased use of multimedia services, such as
online gaming, video streaming, video conferencing, etc., thereby
putting much pressure on the limited backhaul capacity of both
fixed broadband and cellular networks which are not optimized
to support such drastic surges in traffic demand. For example,
in UDNs where a very large number of small cells (SC) are
deployed under the coverage area of a macro cell, the issue of
backhaul capacity becomes even more challenging than RAN
capacity, as there may not be sufficient capacity in the backhaul
to successfully route the volume of traffic generated from the
SCs to the macro cell as well as the core network (Gao et al.,
2015; Adedoyin and Falowo, 2020). This could result in backhaul
congestion, thereby leading to increased latency and poor quality
of service. Hence, there is a need explore various backhaul
optimization techniques (Zeydan et al., 2016) as well as other
backhaul capacity boosting technologies (Jaber et al., 2016a) that
will enable the reduction of traffic congestion on the backhaul.
3.3. Cell Outages
Conspiracy theories12 and misinformation connecting 5G with
the spread of COVID-19 (Ahmed et al., 2020) have led to the
destruction of several BSs as well as attacks on telecoms engineers
in different countries around the world. It is reported that about
12Available online at: https://fullfact.org/online/5g-and-coronavirus-conspiracy-
theories-came/ (accessed May 29, 2020).
77 BSs has so far been attacked in the UK alone13. Also, with the
emphasis on working from home in order to reduce the spread
of the infection and to ensure the safety of workers on site, fewer
workers are being engaged for site operations, hence the detection
and restoration to normal operations of cells in outage may be
quite challenging this period. All these would result in network
failure and service degradation if proactive measures are not put
in place to mitigate the effect of these cell outages. Therefore,
it is necessary to fully incorporate measures for the network to
automatically detect and restore faulty BSs or reconfigure the
network (Aliu et al., 2013; Klaine et al., 2017) in case of damaged
BSs to prevent prolonged service degradation or network failure.
3.4. Service Disruptions
There is an increasing demand for high mobility support to
prevent service disruptions or intermittent quality of service
for highly mobile users, such as those in moving vehicles,
trains, etc., especially during this pandemic where there might
be need for remote medical services in case of emergency
situations where video connections is required between the
ambulance paramedics and experts in hospitals (Usman et al.,
2019). However, with existing networks, these connections
will be prone to frequent disruptions arising from insufficient
support for highmobility broadband services. Improvedmobility
management (Imran et al., 2019a; Ozturk et al., 2019; Tabassum
et al., 2019) and proactive handover (HO) optimization
techniques (Ahmed and Alzahrani, 2019; Mollel et al., 2019;
Mollel et al., 2020) are required for consistent quality of service
along highways or speed train routes.
3.5. Energy Wastage
One of the major challenges facing mobile network operators
is the need to reduce the energy consumed by BSs. This is
because increased energy consumption leads to higher network
operating costs (i.e., energy bills), and environmental pollution
due to increase in CO2 emissions (Buzzi et al., 2016). The
COVID-19 pandemic has resulted in a shift in user traffic demand
from city centers to residential areas, as many have to work,
continue academic activities or attend conferences, seminars and
business meetings, from home. As a result, BSs in city centers are
underutilized as they are constantly kept on despite the fact that
very little or no traffic demand is placed on them. This amounts
to energy wastage and financial loss on the part of the network
operators. Hence, there is a need to develop intelligent traffic
prediction and load adaptive cell switching techniques (Feng
et al., 2017; Abubakar et al., 2019; Asad et al., 2019), such that
the traffic demand on the network can be continually monitored
to identify underutilized BSs and automatically switch them off.
This will result in significant energy savings and reduction in
electricity bills, particularly during the pandemic.
3.6. Limited Rural Connectivity
Rural areas are the most affected by the pandemic due to
limited connectivity and poor coverage by fixed broadband and
13Available online at: https://www.rcrwireless.com/20200507/network-
infrastructure/5g-covid-conspiracy-theory-claims-77-uk-phone-masts (accessed
May 14, 2020).
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FIGURE 3 | The role that 5G technologies (eMBB, URLLC, mMTC) play in various sectors to enable them handle the challenges caused by COVID-19 pandemic by
supporting various operations or technologies in each sector.
mobile networks. This is because such areas mainly comprise
low income households, sparse settlements and mostly erratic
electricity supply (for developing countries), coupled with the
perceived low profit compared to the investment required for
broadband wired or wireless connectivity on the part of network
operators (Chiaraviglio et al., 2017). Thismakes life really difficult
for rural dwellers during this period as the available networks
may not be able to handle the broadband requirements for online
working and learning.
In addition, incidences of panic buying14—due to insinuations
regarding the possibility of food shortage as a result of movement
restrictions and shutdown of many factories—has led to a drastic
increase in the demand for food items during the pandemic.
However, with the stay-at-home policy in place, farming activities
have been affected because farmers are unable to access their
farms regularly, whichmight result in decline in food production.
In this regard, limited connectivity in rural areas has adverse
effect on the productivity of farmers who would have been able
to leverage internet-based technologies, such as IoT networks to
facilitate smart farming activities, such as irrigation, detection of
diseases in plant leaves, and collection and analysis of relevant
information from their farm (Yaacoub and Alouini, 2020) in
order to sustain and enhance food production. Therefore, there is
a need to improve broadband penetration in rural areas through
14The corresponding media coverage is available online at: https://www.bbc.
com/worklife/article/20200304-coronavirus-covid-19-update-why-people-are-
stockpiling (accessed May 20, 2020).
design and deployment of low cost networks (Khaturia et al.,
2019) and the involvement of government in the subsidizing the
network deployment cost (Chiaraviglio et al., 2017) by granting
incentives to network operators to facilitate the extension of their
networks to these areas.
4. HOW 5G NETWORKS AND ARTIFICIAL
INTELLIGENCE CAN HELP?
Wireless communication has revolutionized the way we live, play,
and work. The COVID-19 pandemic has disrupted usual life and
work patterns and caused severe economic losses. In Figure 3,
we summarize the services required in each sector to address the
challenges due to the current pandemic and the application(s)
of 5G that is needed to support such service. The strength
of 5G is modulated by AI, which gives networks autonomous
capabilities. These capabilities allow the network to performmost
functions without needing human support, such as configuring
itself, adapting itself to changes in the network conditions and
repairing faults when they occur.
AI techniques are usually data driven and as such the
provision of support for massive device connectivity and IoT
networks via mMTC services in 5G networks would make
sufficient data available for the training and implementation
of AI/ML models. In addition, the improvement in memory
and processor technology as well as the inclusion of caching
and edge computing in 5G would also assist in the deployment
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and utilization of AI technologies, since they are usually
computationally intensive.Moreover, the software defined nature
of 5G networks along with its associated architectures, such
as Network function virtualization (NFV), network slicing,
separation of data and control plane, etc., would also facilitate
the use of AI methodologies for intelligent and dynamic network
management and orchestration. More details on AI enabling
technologies in 5G and B5G can be in found in Wu (2019), Xie
et al. (2019), Bega et al. (2020), Challita et al. (2020), and Pham
et al. (2020).
In this section, we first describe how 5G services (eMBB,
URLLC, and mMTC), can be used to proffer solutions to some of
the problems caused by the pandemic in various sectors followed
by the role that AI/ML assisted SON would play in enabling 5G
to tackle networking related challenges facing existing networks
due to COVID-19 pandemic.
4.1. How 5G Networks Can Help?
Here, we highlight the characteristics of 5G as defined by
3GPP that can help in curtailing the spread of the COVID-
19 pandemic and future pandemics. This covers three use-case
categories, including eMBB, URLLC, and mMTC. eMBB is an
evolution of the current 4G standard to support higher data
rates and broadband anywhere as well as lower user-experienced
latency, even at high mobility, such as in moving vehicles and
trains. URLLC ensures extremely low latency, high availability,
reliability, and security for mission-critical services, such as
remote surgery or driverless vehicles. mMTC is concerned with
providing cellular coverage for billions of low-power wide area
network technologies, such as narrowband IoT devices. While
5G has a plethora of applications in virtually all areas of daily
life, for the sake of brevity, we highlight only a few aspects
relevant to dealing with the current COVID-19 outbreak and
future pandemics.
In addition to the use-case categories highlighted
below, 5G implements technologies, such as software-
defined networking (Aliu et al., 2013), network function
virtualization (Jaber et al., 2016a), network slicing, etc., to
provide enhanced network functionalities, handle congestions,
and increase backhaul capacity. For instance, network slicing
makes it possible to carve out virtual networks from a common
or shared physical infrastructure, which can swiftly be used
to dynamically shift resources to enhance capacity in areas
with increased demand without need for additional hardware
or network reconfiguration (Zhang, 2019; Barakabitze et al.,
2020). By using fiber optic connections between cell towers
and switching centers, 5G has expanded backhaul capacity to
accommodate expected increase in data traffic from different
areas. In addition, software-defined networking paradigms and
caching improve backhaul usage, as discussed in Jaber et al.
(2016a). Dynamic BS switching can be adopted to ensure energy
efficiency due to changing traffic loads as traffic shifts from city
centers to residential areas (Abubakar et al., 2019). The advanced
features that make 5G networks autonomous and dynamically
adapt to traffic changes are fully explored in the cognitive
networking discussion presented in the next subsection.
4.1.1. eMBB
5G has the capacity and tools required to meet the increased
demand for data during the COVID-19 pandemic due to the rise
in remote working, remote education, rising e-commerce, and
increased mobile video streaming. Due to the shelter-in-place
order in several countries around the globe, data demand has
soared due to higher traffic through video streaming websites
and applications, such as Netflix and YouTube, increase in
video-conferencing, online collaboration, teaching and learning
through applications, such as Zoom, Slack, Microsoft Teams,
Cisco Webex, etc. However, the promise of broadband anywhere
that 5G offers (Dahlman et al., 2014) can be taken advantage
of to allow companies move fully to remote working even
beyond the current pandemic. Distributed computing and cloud
storage (Wang et al., 2012) are increasingly becoming the norm
for many industries, which supports the vision of working safely
from home or remote locations, which are necessary to maintain
social and physical distancing as required to stop the spread
of COVID-19. To ensure that people can work safely from
anywhere, 5G provides the required network capacity and low
latency (Parvez et al., 2018) to connect staff to their office network
and ensure seamless team-working and communication. An
aspect of 5G also includes a commitment by governments and
operators in many countries15 to improve broadband access in
remote areas (Khaturia et al., 2019), which can tackle the capacity
issue in residential areas, even for those who live in rural areas.
In healthcare, 5G has many use cases defined specifically to
provide next-generation care and safety (Ahad et al., 2019). A
few examples include the use of wearable technologies coupled
with wireless communications to remotely monitor vital signs
in patients and report to experts, making it possible for them
to reach more people by cutting down on consultation time and
reducing hospital bed occupancy. This is an area that has seen a
massive growth in recent times. In terms of the current COVID-
19 pandemic, a remote contactless positioning system (Karanam
et al., 2020) has already been developed for scanning patients, to
remove the need for heatlhcare professionals to have contact with
the patients, thereby preventing potential hospital infections. 5G
provides the capacity to accommodate the increased demand
due to exploding number of connected devices, as well as
high reliability and low latency that may be required by some
wearable applications, such as pacemakers. 5G can also be used
to support tactile control communications (Sharma et al., 2020),
to enable remote surgery and patient monitoring. Telemedicine
is supported by 5G to provide consultations over the phone or
via video, especially in remote areas where health facilities are
often in inadequate supply. In the current pandemic, countries,
such as China use 5G and 5G-enabled robots to provide care,
disinfect surfaces, dispense drugs and measure temperatures in
hospitals and public places, trace suspected cases, etc. (Chamola
et al., 2020). It can also help break language barriers by providing
real-time translation and transcription services to allow countries
to copy tested solutions implemented by those affected early
15More information can be found online at: https://www.ispreview.co.uk/index.
php/2020/03/operators-sign-1bn-deal-for-95-geographic-uk-4g-cover-by-2026.
html (accessed May 13, 2020).
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by the pandemic; this technique also makes it easy to provide
public announcements simultaneously in multiple languages
using drones. A common limitation of tools currently employed
to combat the virus is the time-lag in accessing available data,
with delays of up to 1 month or longer being common16, which
makes it difficult to implement a speedy response to spatio-
temporal distributions of the disease and predict areas that might
be more prone to near-future spread. Again, the high speed,
bandwidth, and software-defined features of 5G can bridge this
time gap and ensure timely availability of data, potentially saving
many lives.
Social life and interaction has also been distorted by the
COVID-19 pandemic due to the shutting down of most sports
and entertainment venues. Confinement at home leads to
increased distress and unrest. Immersive virtual reality supported
by 5G (Guo et al., 2020; Saeed et al., 2020) can bring our social life
to our homes and redefine social interactions, making it possible
for people to have deeper and richer social connections without
physically meeting up. This can also be adapted for education
and the enjoyment of sports, where immersive experiences can
make teaching more real for students or provide sports ground
immersive experience to sports fans at home. Virtual reality
headsets are already used to provide immersive experiences in
the gaming and entertainment industries. However, the volume
of high resolution video and data frames required to achieve this
cannot be supported by current wireless technology.
4.1.2. URLLC
This supports mission-critical services by ensuring zero
perceived latency and extreme reliability communications.
The COVID-19 pandemic has stretched the health systems
of most countries and caused a surge in deaths arising from
other ailments (Leon et al., 2020). Health facilities have been
overwhelmed as overworked healthcare professionals struggled
to contain the deluge of admissions, despite many countries
asking citizens to stay at home and to visit the hospital only
when absolutely necessary. This is an area where 5G can help
to supplement hospitals and specialists’ availability (Chamola
et al., 2020) through telemedicine and remote consultation,
remote surgery, robot-assisted drug dispensary, live-in robots
and wearables. URLLC enables remote surgery, smart grids,
industrial internet and autonomous transportation systems
to communicate decisions and feedback with less than a
few millisecond delays, as long delays could have disastrous
consequences. Remote diagnosis enables monitoring and
communication of patient vital signs with devices, such as
electrocardiogram (ECG), blood pressure, temperature and
sugar levels. Ultrafast feedback is often required if any of the vital
signs triggers any alarms. Remote surgery can save lives in critical
situations, such as in ambulances en route hospitals, disaster
zones or developing countries with poor healthcare facilities. 5G
is capable of providing high definition video and reliable voice
communication to guide junior doctors to perform complicated
operations. This has been used by some Doctors Without
16Available online at: https://www.health.org.uk/news-and-comment/blogs/
covid-19-five-dimensions-of-impact (accessed May 20, 2020).
Borders team in the UK to guide colleagues through emergency
surgeries in conflict regions like Syria and Yemen. Also, robotic
equipment fitted with haptic feedback and control systems
enable specialists to feel what the robot is feeling in realtime.
Even in countries with advanced healthcare system, URLLC and
enhanced broadband capacity will enable in-ambulance initial
medical care by Emergency Medical Technicians (EMT) before
arriving at a hospital (Usman et al., 2019).
Industrial IoT and manufacturing can be powered by
5G to ensure automated manufacturing and adherence to
social distancing rules for staff who must be present on
site. The integration of cyber-physical systems with wireless
communications allows autonomous robots to collaborate in
factories to control processes, achieve a set goal, and avoid
collisions with one another and with human workers (Shi et al.,
2019). By providing industrial internet based on URLLC, 5G
can ensure reliable communication between factories, processes
and power systems in manufacturing and distribution, using
tactile feedback and control for remote operation (Cheng et al.,
2018). These systems typically require<1ms delay and extremely
low block error rates, which current communications standards
are incapable of satisfying. Similarly, unmanned vehicles will
benefit from 5G URLLC to enable remote delivery of essential
hospital supplies and goods. This is already widely used in many
African countries where drones fly around programmed routes
to deliver blood, medicines and even food17. The improved
communication features of 5G compared to 4Gwill add flexibility
to this pattern to exploit the full capabilities of autonomous
vehicles and enhance response time for decision makers.
4.1.3. mMTC
By providing high capacity to connect everything that can
be connected, 5G has been identified as a key technology
to usher in the fourth industrial revolution (Li et al.,
2018). The 5G specification (Rel 16) covers requirements for
industrial, consumer and enterprise IoT, including time-sensitive
networking (TSN), a service that ensures high reliability and low
latency for factory automation. It is also possible to integrate
current proprietary factory communication systems and other
non-public networks into 5G. In addition to being a key enabler
for smart manufacturing, research shows that the IoT devices
and cyber-physical systems used in Industry 4.0 are being
rapidly adapted for use in healthcare to provide automated
homecare (Yang et al., 2020). These are all anchored on high-
speed, low-latency, and high-bandwidth communication, such as
provided by 5G. The International Telecommunication Union
(ITU) provides requirements to allow for the massive increase
in connected devices expected in the coming years, which may
reach up to a million machine-type connections per square
kilometer (Navarro-Ortiz et al., 2020). In the current pandemic,
5G can help to provide connectivity for collaborative robots and
autonomous material movement to ensure workers keep a safe
distance from their peers in factories and warehouses, as already
used in China, Canada and some European countries (Chamola
17News article available online at: https://www.ft.com/content/b24bdec8-65d2-
11e9-9adc-98bf1d35a056 (accessed May 25, 2020).
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et al., 2020). Many mobile phones are now equipped with near
field communication (NFC) capability to enable them interact
with millions of wearable devices to monitor patient health in
real time.
5G can be exploited to salvage the disruption to the global
supply chain due to the COVID-19 pandemic by enabling
smart logistics (Jangirala et al., 2019) to ensure timely delivery
for both medical supplies and supplies needed for daily work
and living. From factories, parts and components to delivery
vehicles, sensors can be linked up to the 5G network to
provide realtime status and operational health of all components
in the value chain (Rao and Prasad, 2018). The 5G mMTC
umbrella covers both critical applications required for industrial
automation, autonomous vehicles and intelligent transport
systems, energy, etc. (Navarro-Ortiz et al., 2020), as well as
non-critical connections requiring low data rates and low
power consumption.
Due to their communication ability, it is now possible to
offload non-vital patient consultations to wearable devices and
mobile applications that alert health officials when there is need
for specialist intervention (Li et al., 2018; Ahad et al., 2019;
Usman et al., 2019). Also, IoT devices are deployed in homes
for the elderly to monitor the environment and call for help in
emergencies (Pandey and Litoriya, 2020). In addition to using
NFC or Bluetooth, many of the devices come equipped with
internet communication protocols, enabling them to transmit
their readings directly to company servers (Chamola et al., 2020),
which can show maps of disease spread in real time. Examples
include smart thermometers that are already used to monitor
COVID-19 symptoms and track its spread as well as robots that
are used to disinfect contaminated surfaces in hospitals and other
public places. Others include different kinds of applications that
can be used for pre-screening patients that show initial symptoms
of COVID-19, similar to the application in Sait et al. (2019) used
for screening for pneumonia using X-ray images; some of these
applications also alert health authorities for follow up if specific
symptoms are present. Massive connectivity makes it easier to
track contacts with suspected cases and map regions prone to
spread, as well as monitor adherence to social distancing rules.
Mobile phone data (e.g., location where a particular user has
been) are also used to track the movement of people and map
the spread of the disease (Chamola et al., 2020; Jia et al., 2020; Xu
et al., 2020).
Other applications include traffic monitoring, monitoring
compliance to lockdown protocols and government
instructions, smart city planning and directing traffic to
enable emergency vehicles access the fastest routes to hospitals.
5G can benefit other sectors and help restart economies, in
tourism, the construction industry, public transportation, etc. In
the tourism industry, interactive maps can help tourists find their
way to the most interesting sites. In addition, tourists who are
unable to travel due to restrictions can enjoy the same effects,
such as local smell, touch, language, noise of streets, and feel
through immersive virtual tours, complete with the sounds of
birds, streams, etc. Since a vaccine or cure is yet to be found
for COVID-19, this approach could help the tourism industry
with much-needed revenue and satisfy tour-goers amidst the
lockdown. In public transportation, 5G capabilities can be used
for contact tracing of persons who shared the same vehicle if
someone in the vehicle tests positive for the virus. It can also be
used to ensure that the required social distance is maintained on
all public transport systems. The same applies to the construction
industry where in addition to maintaining social distancing,
virtual and augmented reality can be used to provide remote
training to construction workers.
4.2. How Self-Organization Can Assist 5G
Networks?
Thomas, et al. suggested a standard definition for cognitive
networking in Thomas et al. (2005) as “a cognitive network
has a cognitive process that can perceive current network
conditions, and then plan, decide and act on those conditions.
The network can learn from these adaptations and use them to
make future decisions, all while taking into account end-to-end
goals,” which matches with the cognitive loop introduced by
Mitola III: observe, orient, plan, decide, act, and learn (Mitola,
2007). Therefore, it is quite self-explanatory from the definition
in Thomas et al. (2005) and the cognitive circle in Mitola
(2007) that a network is supposed to sense (observe/perceive)
the given environment to understand the current circumstances,
which is followed by an orientation via evaluating/analysing
the environmental information obtained. The plan phase can
be bypassed based on the urgency of the sensed information,
but otherwise, alternative plans are prepared if it is regular
information. Lastly, one of the alternative plans is chosen and
the agent takes an action by executing the plan. The sensed
information from the environment of interest also feeds the
learning phase in order to make more informed decisions in the
future with the help of experience.
In this regard, the idea of cognitive networking aims
at bringing network automation to wireless communication
systems through introducing self-control to make the systems
more dynamic, agile, and efficient. In other words, since
the primary goal is to minimize the human intervention in
communication networks, the response time to any changes
and/or faults in the systems is shortened, improving the
dynamism and agility of the networks. Moreover, provided that
human interventions render the management of communication
systems more time-consuming and costly, reducing it would
result in utilizing the resources more efficiently. In addition,
this is also beneficial for cellular network operators, as their
operational and capital expenditures are reduced, which in turn
make their businesses more sustainable and profitable (Aliu et al.,
2013; Klaine et al., 2017; Öztürk, 2020).
It is reported in Fortuna and Mohorcic (2009) that
cognitive networking has characteristics of self-configuration,
self-optimization, self-healing, and self-protection, the first three
of which are in line with the phases of SON discussed in Aliu et al.
(2013). Since self-protection could somehow be included in self-
optimization and self-healing, the focus of this work will be the
first three characteristics, which are common between cognitive
networking (Fortuna and Mohorcic, 2009) and SON (Aliu
et al., 2013) concepts. In Table 1, we summarize the networking
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challenges facing existing networks due to the pandemic, what
is required to cope with this problems, and some the AI-driven
solutions that are required to handle those challenges.
4.2.1. Self-Configuration
From the network automation point of view, self-configuration
is the process of configuring the initial parameters of BSs, which
include IP settings, antenna radiation patterns, and neighbor lists,
etc., whenever there are new BS deployments and/or changes
in the network (Aliu et al., 2013). This process is crucially
important when it comes to time and cost efficiency, since human
intervention—which is the case in conventional networks—
incurs monetary and time costs to cellular network operators.
Besides, since engineers or technicians are more prone to making
mistakes and errors due to the increased complexity of future
cellular networks (Aliu et al., 2013), these costly configuration
processes might be repeated multiple times, thereby amplifying
the costs and undermining the sustainable business of operators.
4.2.2. Self-Optimization
After the initial configuration, a continuous monitoring of the
system parameters is required to keep the communication system
efficient and error-free. At this point, the concept of self-
optimization plays a vital role by providing autonomous network
optimization without—or minimal—external intervention. For
example, HO management, energy efficiency, radio resource
management, and load balancing are some of the domains that
necessitate self-optimization (Aliu et al., 2013; Klaine et al., 2017).
Given that wireless communication networks are quite dynamic
due to environmental (e.g., weather, building constructions, etc.)
and behavioral (e.g., different behaviors of users at different
dates and times) changes, optimization is a never-ending process.
However, the important point here is that while time-consuming
conventional approaches would render the network optimization
task highly inefficient, it could be made a lot easier and very
efficient via automatic action sets.
4.2.3. Self-Healing
Self-healing—offering proactive fault detection in cellular
networks alongside autonomous repair for identified issues—is
a critical phase in SON. In conventional network management,
the detection of failures and outages in systems mostly rely on
customer complaints (Aliu et al., 2013; Asghar et al., 2018), such
that once a complaint is received, engineers or technicians need
to visit the corresponding site to identify and fix the problem.
On the one hand, from the users’ perspective, they might be
left out of service or have service with reduced quality for a
while, since both detection and correction take time. From the
operator’s point of view, on the other hand, this could harm
their businesses, as cite visits by skilled human resources is
costly, and unsatisfied users might switch to a different operator.
Therefore, by utilizing self-healing, cellular networks become
capable of autonomously detecting and fixing issues immediately
after they occur, which subsequently mitigate the challenge by
decreasing: (1) the dissatisfaction of users through quick and
accurate actions, and (2) operating expenditure (OPEX) of the
operators via eliminating human expert intervention (Aliu et al.,
2013; Asghar et al., 2018).
4.3. How Can Artificial Intelligence Enable
SON During the COVID-19 Outbreak?
Given that cellular networks have been gaining popularity and
getting more complex from one generation to another (Gupta
and Jha, 2015; Agiwal et al., 2016; Shafi et al., 2017; Busari
et al., 2018; Morocho Cayamcela and Lim, 2018; Ericsson, 2019),
cognition (intelligence) is required to address the ever-growing
demands in more challenging scenarios.
Data is the main ingredient for intelligence, and fortunately,
the amount of data generated by next generations of cellular
networks will be much higher due to: (i) the prevalence of IoT
devices; (ii) more BS deployments with network densification;
(iii) more data transmitted by users; etc. (Xu et al., 2014; Agiwal
et al., 2016; Bera et al., 2017; Lee et al., 2017; Akpakwu et al.,
2018; Morocho Cayamcela and Lim, 2018). Learning, on the
other hand, plays a crucial role in exploiting the huge amount
of data, which subsequently enables cognitive networking. In that
regard, ML—an important and promising subset of AI—has been
gaining popularity in cellular network optimization.
4.3.1. Machine Learning as an Enabler
ML has a very broad range of applications in cellular networks
from radio resource management to energy efficiency. This is
because ML has strong optimization capabilities in addition to
its adaptability in dynamic environments (Klaine et al., 2017;
Imran et al., 2019b; Sun et al., 2019; Xie et al., 2019; Zhang
and Dai, 2019; Zhang et al., 2019). At the system level in
particular, ML application is more common due to the fact that
the problems are case-specific and it is very hard to obtain generic
solutions that can easily be adopted. Thus, the adaptability
through learning makes ML a good candidate for optimizing
these types of problems. Moreover, in cases where the optimal
solutions are too complex to implement and/or not scalable, ML
can help in reducing the complexity and making the solution
more scalable (Xie et al., 2019; Björnson and Giselsson, 2020).
However, to achieve this, the ML implementations should also
be efficient and well-designed, otherwise it might contribute to
the existing complexity. In addition, it is not a rule of thumb
that ML implementations are always scalable; this can also be
accomplished through proper and careful design. In the case of
artificial neural networks, for instance, if the number of input or
output neurons grows exponentially with the wireless network
size, the solution cannot be said to be scalable.
The three main subcategories of ML, namely; supervised
learning, unsupervised learning, and reinforcement learning, will
be individually explored in the following paragraphs.
4.3.1.1. Supervised learning
This is a type of ML, where the data set consists of input and
outputs—also referred to as labels. More specifically, a supervised
learning algorithm is given inputs along with outputs in the
training phase, and it is expected to develop amodel that provides
the relationship between them (Alpaydin, 2014). Then, in the
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testing phase the algorithm is only given new input data—
which it has never seen during its training—and it predicts the
associated output. The performance of the algorithm is evaluated
by measuring how accurately it predicts; i.e., the actual and
predicted outputs are compared18.
There are two major types of supervised learning:
classification and regression. In classification, the outputs,
which are given to the algorithms along with the inputs, consist
of multiple classes, where each input is matched to an output
class. Therefore, in the training phase, the algorithm tries to
find a correlation between the input and output classes, so
that when it is given new data, it can determine which class it
belongs to. Object recognition is a typical example of this type
of learning (Alpaydin, 2014), where the algorithm is trained
with photos of different objects, such as clothes, mugs, books,
etc., and their accurate labels. In contrast, in regression, the
predicted output is continuous-valued instead of classes (discrete
values). One good example could be determining the price of
a laptop computer: while brand, processor speed, memory size,
etc. are possible input features, outputs can be the prices of
the computers. Hence, the algorithm can be trained with the
given inputs and outputs in order to predict the price of a new
computer when it is given the aforementioned input features.
4.3.1.2. Unsupervised learning
Unlike the case in supervised learning, where the data includes
both input and output, the data set given to an unsupervised
learning algorithm only consists of inputs. Instead, the algorithm
is expected to reveal hidden patterns, regularities, or properties
in a given input data (Alpaydin, 2014; Kubat, 2015). A good
example for this type of learning is clustering, where the data
is clustered into some groups based on their key features, and
the unsupervised learning algorithm attempts to distinguish
the clusters from each other with certain boundaries. However,
unlike supervised learning, the identification of the clusters is not
expected19 after clustering is performed.
Clustering finds broad applications in areas ranging from
customer segmentation (Kansal et al., 2018) to agriculture (Mehta
et al., 2015), but it also plays an important role in wireless
communication networks. For instance, in wireless sensor
networks (WSNs), clustering plays a vital role in detecting
anomalies in a network (Zhang et al., 2010). Furthermore,
unmanned aerial vehicles (UAVs) have gained significant
attention in cellular networks to enhance the network capacity
and to help in disaster scenarios (Klaine et al., 2018). In this
regard, clustering can assist in positioning the UAVs, for example,
in order to maximize the coverage or the number of users
connected (Sun and Masouros, 2018).
4.3.1.3. Reinforcement learning
This is a distinctive class of ML, since it has inherent properties
that distinguish it from supervised and unsupervised learning
18The prediction accuracy can be measured during both training and testing
phases, but they would serve for different purposes. For example, the case of high
training accuracy with low testing accuracy is a sign of over-fitting.
19In supervised learning, the classes are labeled; for example, fruit, vegetable, etc.
However, in unsupervised learning, there is no label for the clusters.
techniques. First of all, interacting with the environment-
of-interest is the learning scheme adopted in reinforcement
learning, whereas the learning is performed through
labeled/unlabeled data in supervised/unsupervised learning
(Sutton and Barto, 1998; Sun et al., 2019). In contrast to
supervised and unsupervised learning, in reinforcement
learning, the agent is expected to take actions by interacting
with a given environment and evaluating the corresponding
reward, which is aimed to be maximized (Sutton and Barto,
1998). Environment is something that produces an output for
any action taken. In the case of cellular communication, for
example, the environment could be the wireless network that
consists of BSs and UEs with various channel conditions. In this
regard, the actions that the agent takes could be a set of possible
movements in the selected parameters. Taking the example of
cellular networks and assuming a BS is the agent, the action set
for the BS could be a range of HOmargin values for the objective
of load balancing. The agent goes into a state—the condition
of the agent—after each action is taken, and continuing from
the previous load balancing example, the agent could be in
overloaded, fully-loaded, or under-loaded states based on the
action taken.
As reported in Sutton and Barto (1998), there are four main
elements that need to be discussed under reinforcement learning,
namely policy, reward (or penalty/cost), value function, and
model. Policy determines how the actions are taken by the
agent, and constitutes the interface between the actions and
the states (Sutton and Barto, 1998; Klaine et al., 2017). Reward
function is a predefined function that is aimed to be maximized.
From the optimization perspective, this can be interpreted as
the objective function of the problem. According to the nature
of the problem at hand, the reward function can sometimes be
converted to a penalty function, in which the objective becomes
minimization rather than maximization. There are two types
of value function, namely state-value function and action-value
function. The former indicates the expected value of visiting a
state, whereas, the latter indicates the expected value of taking
an action while in a particular state. Model is a representation of
the environment of interest, which is utilized to comprehend how
the environment reacts to actions taken by the agent (Sutton and
Barto, 1998). Note that some reinforcement learning algorithms,
such as Q-learning and SARSA, do not require a model, as they
are executed in a model-free fashion (Sutton and Barto, 1998).
4.3.2. The Role of Machine Learning as an Enabler of
SON
Well-designed ML solutions have gained considerable attention
(Klaine et al., 2017; Imran et al., 2019b; Sun et al., 2019; Xie et al.,
2019; Zhang and Dai, 2019; Zhang et al., 2019). Various types
of ML implementations in different domains are available in the
literature, and some recent examples related to the challenges due
to COVID-19, as highlighted in section 3, will be discussed in the
following paragraphs.
4.3.2.1. UAV assistance for capacity enhancement
UAVs have already been identified as a promising solution for
wireless networking due to their multiple advantages including
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flexibility and mobility (Mozaffari et al., 2019). They can be used
for various purposes, such as capacity enhancement—especially
for UDNs—and emergency scenarios; e.g., earthquakes, fires, etc.
Typically an SC is mounted on a UAV in order for it to act as
a flying BS, which have multiple advantages over conventional
ground SC deployments:
• They are deployed in the sky, thereby it is more likely to
establish line-of-sight (LOS) with users (Zeng et al., 2016),
which, by its turn, enhances the capacity of the network and
provides improved data rates to the users;
• They are mobile, hence they can adjust their positions in terms
of not only longitude and latitude but also altitude in order to
provide better QoS in changing conditions;
• They can be deployed on demand, thus they are cost
effective as they can be utilized multiple times at different
locations/scenarios (Bor-Yaliniz and Yanikomeroglu, 2016;
Zeng et al., 2016). In other words, rather than deploying
fixed ground SCs by considering the peak traffic around
the geographic area, UAVs can be deployed when needed.
This provides not only reduced deployment costs for
mobile network operators but also brings flexibility to
cellular networks.
In that regard, the authors in Ghanavi et al. (2018) employ
reinforcement learning in order to position a UAV to maintain
or enhance the level of QoS offered by the ground network,
such that the ground network is operating as normal in the
considered scenario. Another reinforcement learning-based UAV
positioning algorithm is proposed in Klaine et al. (2018). In
particular, the authors design a UAV-assisted cellular network in
the case of emergency, where existing cellular infrastructure may
be out of service due to the experienced damage. A Q-learning
based positioning of multiple UAVs, on which SCs are mounted,
is aimed at increasing the number of users served by the UAV
SCs. Even though their work is developed for an emergency
scenario, it also proves that UAVs can supply additional capacity
to cellular networks.
4.3.2.2. Backhaul optimization
Backhauling is one of the major problems for future generations
of cellular networks due to the increased data rate demand as well
as the dramatic inflation in the number of connected devices.
For UDNs in particular where the intensity of the devices and
BSs are comparatively much higher, the bottleneck is expected to
appearmore in the backhaul rather than the access network (Chia
et al., 2009). To this end, ML is one of the important techniques
used in the literature in backhaul optimization, since it offers
intelligent backhauling solutions that can eventually help resolve
the issues (Jaber et al., 2016a,b). Based on that, a user-centric
backhaul optimization technique is presented in Jaber et al.
(2016b), wherein the authors proposed to optimize the cell-
range extension offset for user-cell association by considering
the requirements of the users along with RAN and backhaul
conditions. In particular, a Q-learning algorithm is designed
to solve the given optimization problem, such that the system
throughput is maximized while the user quality-of-experience
is maintained.
4.3.2.3. Intelligent cell outage detection
ML is also a viable and robust tool for anomaly detection in
cellular networks. Cell outages, for example, can be challenging
issues to combat, since it is hard to identify the problems. Mobile
network operators often rely on the client complaints (Aliu
et al., 2013; Asghar et al., 2018), which delays the repair and
are not always reliable. However, through ML implementations,
the identification of cell outages can be done faster and more
reliably (Hussain et al., 2019; Murudkar and Gitlin, 2019),
which in turn helps mobile network operators in reducing
their OPEX, while keeping users satisfied. The authors in Zoha
et al. (2015) proposed a learning-assisted cell-outage detection
and recovery approach, in which they utilize supervised and
unsupervised learning algorithms to detect failures, while a
fuzzy-based reinforcement learning is developed for the recovery
part, which is performed by adjusting the power and antenna
parameters accordingly. Moreover, a deep learning model for
anomaly detection is investigated in Hussain et al. (2019),
wherein real-life call detail record data set from Milan City,
Italy is used. The authors adopted the mobile edge computing
concept and achieved a promising detection accuracy of more
than 98%.
4.3.2.4. Predictive mobility management to avoid service
disruptions
In cellular communication networks, UEs perform
measurements on some signal quality indicators; e.g., signal-to-
interference-plus-noise ratio (SINR), received signal strength
indicator (RSSI), and reference signal received power (RSRP),
from both serving and neighboring BSs in an effort to keep
their signal qualities above a certain level before deciding
whether an HO is required. Upon a decision to HO after
meeting multiple conditions, including hysteresis and time-to-
trigger (TTT), certain steps are required, which can be classified
under three main phases, namely; preparation, execution, and
completion (Tayyab et al., 2019). Nonetheless, these phases
and steps take some time and cause HO latency as well as
signaling overheads (Mohamed et al., 2015; Ozturk et al., 2017b).
Therefore, predictive HO schemes have been proposed in the
literature to overcome these problems (Ming-Hsing Chiu and
Bassiouni, 2000; Lu et al., 2004; Lu and Wu, 2005; Huang et al.,
2007; Fazio and Marano, 2012; Zhang and Dai, 2019). Mobility
predictions indeed have been identified as a valid and strong
tool to manage resources in cellular networks in terms of radio,
in-built (e.g., processing power, memory, etc.), energy, etc., as
discussed in Imran et al. (2019a).
These schemes mainly try to predict future HOs of users
in order to perform some of the aforementioned HO steps
prior to the occurrence of the HO so that the HO signaling
cost can be reduced. Even though these predictions can be
provided by various methods, including statistical analysis, ML,
and datamining algorithms,ML is themost commonly employed
technique (Zhang and Dai, 2019). In this regard, the works
in Ozturk et al. (2017b,a, 2018), and Farooq and Imran (2017)
proposed predictive mobility management schemes to minimize
HO signaling costs, which in turn reduces service disruptions.
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4.3.2.5. Energy efficient networking
Various techniques for energy saving in cellular communication
networks are outlined in Wu et al. (2015), including; hardware-
based energy efficiency enhancement, component switching off,
radio transmission-based energy efficiency improvement, use
of renewable energy resources, and making the network more
heterogeneous. Of all these techniques, while the use of renewable
energy sources can be classified as an energy harvesting method,
the rest would be in the category of energy conservation.
In the aforementioned energy conservation techniques,
component switching off has a special place due to the
following reasons;
• Even after implementing all the other techniques, such as
advanced hardware and transmission efficiency, and increased
network heterogeneity, there is still room for saving energy
through putting components to sleep when they are under or
not utilized.
• Enhancing the energy efficiency of hardware components and
making the network more heterogeneous either requires new
deployments or introduces new problems (Wu et al., 2015).
Radio transmission optimization, for example, would require
new wireless communication standards and/or concepts.
However, cell switching can be implemented without extensive
new replacements or communication standards, thus plugging
it into the existing cellular networks is quite straightforward
(Wu et al., 2015).
To this end, the underlying idea of cell switching is to deactivate
components of a BS at low traffic, which is usually referred as
putting the BS in a sleep mode. Various types of sleep modes
have already been identified in Debaillie et al. (2015), whereby the
sleep mode changes based on the depth of sleep that is correlated
with the deactivation time of the component being switched off.
In particular, the components in a BS are categorized according
to their deactivation times in Debaillie et al. (2015), and the depth
of sleep determines the components to be put to sleep; more
components are put into the sleep mode with increasing depth.
An interesting idea is proposed in Farooq et al. (2018), where
the HO traces of users are utilized to perform cell switching
decisions. As such, rather than relying on the observations on
traffic variations, the authors developed a model that predicts
user HOs to determine the on/off status of a cell. More
specifically, in the developed model, future traffic loads of SCs
are determined through HO predictions, which are enabled by
a semi-Markov process. Based on the estimated future loads, an
optimization problem of minimizing the energy consumption
is created, with constraints of minimum coverage and bit
rate requirements.
In this regard, joint optimization of the following variables
are conducted;
• optimum set of SCs to turn off/on for energy saving purposes,
• cell-specific offset for load balancing purposes, which
subsequently helps maintain a good level of QoS.
4.3.2.6. Improved rural connectivity
As mentioned in section 3.6, rural connectivity has been one
of the key elements during COVID-19 outbreak. In this regard,
UAV assistance, as elaborated in section 4.3.2.1, can be beneficial
in rural connectivity as well. UAVs can enable and facilitate smart
agriculture, for example, by collecting necessary data collected
by IoT sensors and transferring them to the local populace
through the Internet (Yaacoub and Alouini, 2020). Moreover,
UAVs can also be utilized for backhauling purposes in rural areas
instead of using other wired/wireless options that require costly
TABLE 1 | The networking related challenges due to COVID-19, the requirements and some AI-based solutions.
S/N Networking challenges due to COVID-19 Requirements AI-driven Solutions
1. Abrupt changes in traffic load pattern leading to
RAN and backhaul capacity challenges
Continuous monitoring of network traffic,
Dynamic resource allocation in an agile manner
Automated traffic management (Fadlullah et al.,
2017; Fu et al., 2018), Autonomous UAV
deployment (Bor-Yaliniz and Yanikomeroglu,
2016; Zeng et al., 2016; Ghanavi et al., 2018)
Intelligent resource allocation (Lee and Qin,
2019; Bega et al., 2020)
2. Fault/outage detection and correction with
minimum number of human personnel due to
social distancing rules
Automated fault tracing, outage detection and
network recovery
ML-based fault detection and recovery (Zoha
et al., 2015; Hussain et al., 2019; Murudkar
and Gitlin, 2019).
3. Service disruption for users demanding high
mobility network services, such as mobile
clinics
Provision of high mobility support for critical
services through enhanced mobility
management
Intelligent and proactive mobility management
and HO schemes (Ming-Hsing Chiu and
Bassiouni, 2000; Lu et al., 2004; Lu and Wu,
2005; Huang et al., 2007; Fazio and Marano,
2012).
4. Energy wastage from continuous operation of
base station in city centers despite shift in
traffic to residential areas
Traffic-aware sleep mode operations such that
base stations can be switched off when they
are underutilized.
ML-based traffic prediction and dynamic cell
switches approaches (Debaillie et al., 2015; Wu
et al., 2015; Farooq et al., 2018).
5. Limited connectivity in rural areas due to poor
network coverage
Provision of mobile ad hoc networks or pop-up
networks for coverage enhancement
ML-based UAV deployment and
positioning (Lottes et al., 2017; Alzenad et al.,
2018; Yaacoub and Alouini, 2020).
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deployments (Alzenad et al., 2018; Yaacoub and Alouini, 2020).
They are also good solutions for irregular on-demand capacity
requirements, which are necessitated only by special events, such
as the COVID-19 pandemic.
Based on this, the authors in Lottes et al. (2017) developed a
classification problem for smart farming use-case, where camera-
mounted UAVs are used to monitor the field in question
and the developed ML algorithm—random forest is employed
therein—classifies the plants as sugar beet crops and weeds.
This is done in particular to focus on weed-dense areas in the
field instead of using the required chemicals over the whole
field with the same density. To that end, ML-assisted UAV
deployments are discussed in Kouhdaragh et al. (2020), wherein
different scenarios and challenges are elaborated for the UAV and
ML-integrated connectivity solutions.
5. PREPARING FOR FUTURE PANDEMICS
The goal of this section is to give a brief insight into ways in
which 5G assisted by AI can act as an enabler in predicting
the outbreak of future pandemics by detecting early signs of
rising cases of a particular infection in a region or country.
In addition, we briefly discuss the role of 5G in making
our society resilient to future pandemics through increased
digitization and adoption of autonomous systems. This will
result in less direct human involvement and increased support
for remote operations in certain key sectors, such as health,
education, government, manufacturing, and transportation,
thereby making social distancing a part of our daily lives.
Furthermore, we briefly highlight a few lessons learnt from
COVID-19 pandemic that should be carefully considered in
future network design.
5.1. Predicting/Detecting a Pandemic
Due to 5G support for IoT networks that enables the massive
connectivity of different kinds of devices, such as smartphones,
wearables, sensors, smart meters, etc. (Akpakwu et al., 2018;
Ozturk et al., 2020), it will lead to enhancement in the acquisition
of electronic records of patients in various countries which can
be stored in the cloud (Yang et al., 2017). The electronic health
records of these countries, those of international agencies, such
as the World Health Organization (WHO), as well as other
useful records of patients, such as their travel history, can be
synchronized in order to obtain a more comprehensive big data.
This comprehensive data can then be properly analyzed using
ML models (Pham et al., 2020) to detect the onset, spread, and
rise of various infections in different countries. The results of
these analyses can enable prompt response and intervention
to prevent outbreak and spread of infections to other regions
within a country or from one country to another through
proactive measures, such as movement restrictions, quarantine
for those leaving affected areas and also fast-tracked treatment
procedures. Such approaches were used in Taiwan to curtail the
spread of COVID-19 right from the moment that the WHO
raised alarm on the rising incidence of a pneumonia of an
unknown source in Wuhan in December 2019 (Wang et al.,
2020a).
5.2. Enhanced Digitization
There is a need for increased utilization of digital platforms, such
as e-payments, e-governance, electronic IDs, electronic health
records, online or distance learning, etc. (Atkinson et al., 2020),
for working, transacting business, providing health services,
teaching and learning. 5G will provide ubiquitous broadband
services that will support both stationary and high mobility
users in order to ensure seamless remote operations from any
location and at any time via its enhanced mobile broadband
services (Andrews et al., 2014). This will support the gradual
incorporation of remote operations in various sectors so that
in the case of future pandemics where a full scale migration
is required, it would be much easier to adapt to such changes
rather than the abrupt change in operations as is currently being
experienced due to the COVID-19 pandemic.
5.3. Embracing Large-Scale Automation
5G provides integral support for mMTC and its diversity
of applications, such as IoT (industrial IoT, medical IoT,
etc.), device-to-device (D2D), vehicle-to-vehicle (V2V), and
vehicle-to-anything (V2X) communications (Akpakwu et al.,
2018; Ozturk et al., 2020). Also, AI has huge potentials for
big data analysis and intelligent decision-making (Morocho-
Cayamcela et al., 2019). These, alongside the advancement in the
development and utilization of robots (Yang et al., 2020), can help
facilitate the transformation of key sectors from conventional
to smart operations. This will result in smart industries where
manufacturing processes are carried out by robots and industrial
IoT devices whilemonitoring and control is done remotely, smart
transportation systems where autonomous vehicles and trains are
used to move passengers from one place to another, and smart
delivery systems where drones and robots are used to deliver food
and drugs to various locations, etc. In addition, 5G networks will
also help in providing the required connectivity that is needed to
carry out remote surgeries where doctors can perform surgeries
with the assistance of robots from remote locations and the
use of virtual and augmented reality for immersive and more
effective remote teaching and learning, conferences and business
meetings (Cheng et al., 2018; Chamola et al., 2020; Elavarasan and
Pugazhendhi, 2020; Saeed et al., 2020).
5.4. Lessons From Pandemic That Should
Be Considered in the Design of Future
Networks
The outbreak of the pandemic and the various measures that
have been put in place to contain the spread of the infection as
well as ensure the continuity of services via remote network-
assisted operations provides a lot of lessons for us regarding
the requirements of future network design. Two (2) of such
requirements which we think are very crucial to the design of
future networks are briefly discussed here:
• Resilience and Robustness: The future networks must be able
to recover to stable functioning state after failure or network
breakdown. They must also be designed in such a way that
they can withstand any unseen challenges and failures (Ali-
Tolppa et al., 2018). This is necessary because future networks
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would be required to handle ultra-reliable and mission
critical services demands, such as remote surgery, driver-less
vehicles, industrial control processes, etc. To achieve resilience
and robustness in future networks, there would be a need
for continuous monitoring of the system to detect faults,
prompt response to network changes as well as immediate
triggering of corrective measures to restore the network back
to normal functionality. Redundancy must also be built into
future networks to duplicate capacity thereby making multiple
connections available such that as soon as one connection goes
down or does not have enough capacity to handle a particular
service demand, another connection can be activated or
allocated to handle that service demands (Michalopoulos et al.,
2017). AI will play a very vital role in ensuring real time
network response to sudden changes in networks, fault tracing
and network recovery, as well as the dynamic allocation of
network resources on demand basis (Lee and Qin, 2019; Bega
et al., 2020).
• Security and Privacy preservation: Future networks must
be designed in such a way that they can provide adequate
security against cyber-attacks. They must also be privacy
preserving by ensuring that user data is properly encrypted
in such a way that the user cannot be easily identified
even when an unauthorized person gains access to such
data (Ahmad et al., 2019; Khan et al., 2020). Since 5G and
B5G networks are going to support various data intensive
technologies, such as massive IoT, MTC, etc., they would be
more prone to security challenges than previous generations
of cellular networks. Hence, the security system of these
networks have to be fully automated using AI, to ensure
dynamic adjustment and adaptation to threats and security
breaches (Benzaid and Taleb, 2020). In addition, the use of
blockchain or distributed ledger technologies (Haddad et al.,
2020) will also help to ensure the safe distribution of various
information across the networks. The combination of AI
and blockchain technologies would further strengthen the
security of future networks and enable them to effectively
handle the nature (e.g., critical, sensitive, etc.), and volume of
information that will be sent across these networks (Azzaoui
et al., 2020).
6. CONCLUSION
Both wired and wireless communications have played a major
role in reducing the negative effects of the COVID-19 pandemic
on various sectors, such as health, education, transportation,
manufacturing, etc. Without these communication tools, the
pandemic would have had a greater impact and might have
brought many of these sectors to a halt. Therefore, in this
paper, the role of 5G networks in containing the COVID-
19 pandemic have been thoroughly discussed. The key sectors
affected by the pandemic were first identified in order to
provide an insight into the magnitude of the problems being
encountered in these sectors. As these sectors now depend on
telecommunication networks to support their remote operations,
it has resulted in unprecedented traffic demands on existing
networks. Hence, we briefly outlined some of the challenges
facing existing networks in dealing with the sudden increase in
service demand in order to ensure continuity of operations in
these affected sectors. Most importantly, the enhanced capacity
and more advanced technologies of 5G networks can tackle
most of the pandemic-related challenges compared to existing
networks. In this regard, we emphasized the role of 5G and its
enabling technologies in solving COVID-19-related challenges as
well as tackling the limitations of existing networks. Finally, to
avoid being taken unawares by future pandemics, we presented
a brief discussion on how 5G networks can be leveraged for
predicting future pandemics as well as the development of a
pandemic-resilient society through enhanced digitization and
embrace of large-scale automation. A brief discussion on how
the pandemic would influence the design of future networks was
also presented.
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